Abstract We previously identified breast imaging findings from radiology reports using an expert-based information extraction algorithm as part of the National Cancer Institute's Population-based Research Optimizing Screening through Personalized Regimens (PROSPR) initiative. We validate this algorithm and assess inaccuracies in a different institutional setting. Mammography, ultrasound (US), and breast magnetic resonance imaging (MRI) reports of patients at an academic health system between 4/2013 and 6/2013 were included for analysis. Accuracy of automatically extracting imaging findings using an algorithm developed at a different institution compared to manual gold standard review is reported. Extraction errors are further categorized based on manual review. Precision and recall for extracting BI-RADS categories remain between 0.9 and 1.0, except for MRI (0.7). F measures for extracting other findings are 0.9 for non-mass enhancement (in MRI) and 0.8-0.9 for cysts (in MRI and US). Extracting breast imaging findings resulted in lowest accuracy for findings of calcification (range 0.4-0.6 in mammography) and asymmetric density (0.5-0.7 in mammography). Majority of errors for extracting imaging findings were due to qualifierbased errors, descriptors which indicate absence of findings, missed by automated extraction (e.g., Bbenign^calcifications).
Introduction
The Mammography Quality Standards Act (MQSA) mandates assessment of breast imaging reports using standard terminology [1] . This is compatible with the American College of Radiology assessment categories for breast imaging, called Breast Imaging-Reporting and Data System (BI-RADS) [2] . Since 1992, BI-RADS led to more standardized management of breast imaging findings and facilitated quality assurance initiatives in breast imaging [3, 4] . In addition, it promoted more consistent reporting of breast imaging findings, based on benign and suspicious lesions that inform these assessment categories [5, 6] .
Breast imaging reports may be assessed between categories ranging from 0 to 6. Reports that are BI-RADS 0 require additional evaluation. Absence of any findings would render the report a BI-RADS 1 (i.e., negative). BI-RADS 2 (i.e., benign) reports are based on benign findings such as vascular calcifications, with BI-RADS 3 corresponding to probably benign findings requiring follow-up. Suspicious findings would render reports as BI-RADS 4, and may require that a patient undergoes biopsy. Findings that are highly suggestive of malignancy render reports as BI-RADS 5, while reports with biopsy-proven malignancy are classified as BI-RADS 6. Identifying breast imaging findings is therefore helpful for radiologists in making final breast assessment categories. More importantly, it also assists clinicians in assessing subgroups of patients who may have poor survival within categories, as well as predicting biological behavior of tumors [7] [8] [9] [10] .
Many algorithms have been developed for information extraction of imaging findings from narrative textual reports [11] [12] [13] [14] [15] [16] [17] [18] . Most algorithms are rule-based (e.g., expert-derived), data-driven (e.g., machine learning), or a combination of both approaches. Columbia-Presbyterian Hospital extract information using the Medical Language Extraction and Encoding (MedLEE) system from chest x-ray radiology reports using a controlled terminology and a rule-based system [11] . Other systems that are rule-based include Special Purpose Radiology Understanding System (SPRUS) [18] , Health Information Text Extraction (HITex) [13] , and MetaMAP from the National Library of Medicine [17] . Data-driven systems, on the other hand, typically utilize machine-learning algorithms and include SymText and an information extraction system using discriminative sequence classifiers [16, 19] .
Unfortunately, extracting breast imaging findings from radiology reports has remained an elusive goal as findings in imaging reports continue to be reported using unstructured text. We developed an information extraction application to extract imaging findings from breast imaging reports, Information from Searching Content with an OntologyUtilizing Toolkit (iSCOUT) [20] , in order to populate a breast screening registry for the National Cancer Institute's Population-based Research Optimizing Screening through Personalized Regimens (PROSPR) initiative. The application has been evaluated as part of an algorithm for extracting breast imaging findings in a single institution and has accuracy rates between 80 and 100% [21] . The goal of this study is to evaluate the rule-based information extraction algorithm in a different institution and assess generalizability of the underlying expert-based algorithm by assessing inaccuracies in identifying imaging findings.
Methods
This HIPAA-compliant study was approved by the Partners Healthcare IRB and Dartmouth Hitchcock Medical Center (DHMC) IRB and conducted with waiver of informed consent. Breast imaging reports, including reports from mammography, ultrasound (US), and breast magnetic resonance imaging (MRI) of patients at DHMC between 4/2013 and 6/2013, were included for analysis.
Algorithm Description
An information extraction application, described previously [20] , was utilized as part of an algorithm to assess breast imaging findings from radiology reports. The algorithm was developed and evaluated using breast imaging reports of patients at the Brigham and Women's Primary Care Practice Network using a pipeline for extracting breast imaging findings. Specifically, pre-processing included word and sentence segmentation. Finding detection was implemented using term-matching with an expert-derived list of relevant terms and semantic variants. This was augmented with a rulebased negation detector. Laterality detection was performed using proximity of laterality terms with each specific finding. This was augmented with heading detection, used to match imaging findings to paragraph headings that indicate laterality.
Algorithm and Gold Standard Refinement
The algorithm was initially used in its current, unmodified version. Imaging reports were used as input in textual, unstructured format. However, initial review of findings demonstrated disagreements in term usage, as well as gold standard definitions. Thus, we made modifications to (1) semantic variants that represent term negations for querying reports, and (2) gold standard definitions for imaging findings.
Specific term negations include Bnon-suspicious^and Bneither^-examples are BNon-suspicious calcifications in the left breast^and BNeither breast reveals a suspicious mass.Â finding-specific negation includes Beffaces^-an example includes BAn area of architectural distortion effaces with compression.^The term Bnon^is not included as a negation term because it is commonly used for Bnon-mass enhancement,^a common breast MRI finding. The terms Bneither^and Beffaces^were not commonly noted as negation terms during algorithm development, and were included to customize the terms for the specific setting.
A key step in evaluation focused on gold standard refinement. Several modifications were performed in definitions of imaging findings. These definitions span (a) variants for imaging findings, (b) variants for negation terms, and (c) quantity of findings. Table 1 illustrates examples of these modifications. The original terms and semantic variants for each imaging finding were listed previously [21] . In this study, definitions of variants for imaging findings were clarified with inclusion of terms for some findings and exclusion of terms that were being used for other findings. Similarly, negation terms were added based on commonly used negation terms. For quantity of findings, the algorithm previously only allowed one BI-RADS assessment for each breast, or for each imaging report. This was modified to allow a BI-RADS assessment for each finding, as specified in the reports in this setting. Thus, a single imaging report may contain five unique BI-RADS for each imaging finding in a single breast with a final assessment for that breast, and another three BI-RADS with a final assessment for the contralateral breast.
Validation Sample
A project manager manually reviewed radiology reports and annotated relevant data elements defined previously. We selected random samples of 200 radiology reports each from MRI, US, screening, and diagnostic mammography reports finalized in 2013 at DHMC. Based on an initial manual review, findings were presented to the investigators' meeting and modifications to the gold standard definitions were agreed upon. A second round of review was performed based on standard definitions for imaging findings. The second manual review determined the Bgold standard^for identifying breast imaging findings.
Statistical Analysis
The sample size was determined based on the F measure; we estimated that 200 reports per modality would yield a 95% confidence interval half-width of 0.116 for a prevalence of 0.1 based on an asymptotic approximation of the standard error. For each breast imaging modality, we reported the prevalence (expressed as a percentage) of each imaging finding based on the sample of breast imaging reports. Accuracy measures for automatically extracted imaging findings were computed based on the previously described gold standard, and included precision, recall, and F measure. Precision is defined as the proportion of true positive reports to the total number of reports that are automatically identified as positive, while recall is defined as the proportion of true positive reports to all reports that should have been identified as positive [22] . We reported 95% confidence intervals for precision and recall. In addition, we reported F measure, which is the harmonic mean of precision and recall.
Error Analysis
Based on analysis of most common sources of inaccuracies, we analyzed most common causes of errors in extracting breast imaging findings when utilizing automated information extraction using a rule-based, expert-derived algorithm on unseen data from a different setting. Error analysis included manual review of reports that generated information extraction errors. This was performed by three investigators, and formal agreement as to the type and cause of error was determined in a panel meeting.
Results
Manual report review was performed on 200 screening mammograms, 182 diagnostic mammograms, 196 breast MRI, and 195 breast US. Eighteen diagnostic mammograms, 4 MRI, and 5 breast US reports were excluded because reports were duplicates (i.e., mammograms and US done on the same day are included in one report and were counted twice) or missing.
Several BI-RADS values were not mentioned in the report (e.g., no BI-RADS were recorded), thus resulting in less reports for analysis of BI-RADS assessment. The prevalence of imaging findings in the validation sample for each imaging modality are shown in Table 2 . Accuracy measures (e.g., precision, recall, F measure) for extracted data elements are also included.
Architectural distortions are very infrequent findings and occur in less than 5% in three imaging modalities. Thus, we excluded accuracy for extracting architectural distortion from the analysis. Positive BI-RADS assessments had precision of 1.0 and recall of 0.9-1.0 for all imaging modalities, except for MRI where precision and recall are both 0.7. For the remaining imaging findings, the F measure showed least accuracy for extracting calcification, asymmetry, and mass (particularly in US reports).
Expectedly, asymmetry and masses had low accuracy measures, as we demonstrated previously [21] . Thus, we focused our analysis on errors in extracting calcifications in mammography reports. Manual analysis of all mammography reports that generated errors was completed and errors categorized into five types (Table 3) . Qualifier-based errors result from identifying a finding, which is considered absent on manual review because of a qualifier or descriptor. Most commonly, these are due to benign descriptors for findings (e.g., benign, non-suspicious). Finding-specific qualifiers also include the negation term Beffaces^which apply to architectural distortion, which effaces with compression. Other qualifiers include temporal qualifiers for findings that were present in previous exams and being described for comparison. Finally, anatomic qualifiers refer to findings in the wrong location (e.g., left breast) being attributed to the contralateral breast. Certaintybased findings result from ambiguity in describing findings, a common cause of discordance between radiologists when creating reports. Uncertainty is conveyed with words or phrases when describing a finding (e.g., Barea of question,^Blikely^). Indication-based errors are errors due to findings that are described in the BClinical History^or BIndication^sections of the report. When these findings are not otherwise noted in the finding, they are considered absent. Exclusions result from identifying findings which are eventually excluded. For instance, lymph nodes are identified as masses but on manual review were excluded as a finding. All other errors that are not attributed to the four classes of errors are considered extraction errors. Total number and proportion of errors for screening and diagnostic mammogram reports are shown in Table 4 , classified by error category.
Discussion
Accuracy in extracting breast imaging findings using expertbased information extraction is lower when utilized in a different setting, as expected. This was true except for extraction of BI-RADS categories, with precision and recall between 0.9 and 1 (except for MRI). BI-RADS is a standardized representation for breast imaging reporting and management, therefore extracting this information is not as dependent on setting in terms of semantic variance and use of qualifiers. However, we noted some differences in how institutions report BI-RADS. For instance, BWH report BI-RADS per breast, whereas DHMC report BI-RADS per finding. In addition, BI-RADS categories are reported in various sections of the radiology report-heading, impression, findings. Thus, extracting BI-RADS is not a trivial task and is reflected in numerous errors when extracting BI-RADS for MRI. Most common reasons we have identified for inaccuracies in extracting breast imaging findings are similar to ones we have previously identified [21] . Extraction errors for breast masses and asymmetric densities remain high. We previously attributed these errors to term ambiguity; we demonstrate that when human reviewers were unable to agree on presence/ absence of a finding, it is not unexpected that automated systems likewise fare poorly. In addition, query terms for breast asymmetry and breast masses were the most numerous, accounting for each term's many lexical and semantic variants [21] . However, we noted that there were other findings that had information extraction errors.
Majority of errors for extracting breast calcifications were due to qualifier-based errors. These errors result from qualifiers, unique to each finding and setting-specific. The most common qualifier that led to extraction error is the term Bbenign^(e.g., benign calcifications), which is infrequently noted in the setting where the algorithm was developed. However, these qualifiers are mentioned repeatedly in this setting and when calcifications are described as benign, these are considered false positives.
Despite multiple errors, using an information extraction application as part of an expert-based algorithm was effective in extracting breast imaging findings. The application was easily adaptable to a new setting and there were minimal formatting requirements for textual reports. No further modification of the software was performed to process new data. The toolkit has been described previously and is publicly available [20, 21] . It is worthwhile to note, however, that utilizing expert-based information extraction algorithms in new settings will require some modifications. Variations in terminology of findings and qualifiers are common in multiple clinical settings. Thus, early algorithm modification to address these variations is critical. In future, utilizing standardized terminology with semantic variants might mitigate this concern [23] [24] [25] .
In addition to qualifier-based errors, true extraction errors were noted in extracting breast calcifications, commonly seen in rule-based systems. These are explained by previously unseen terms in new settings (e.g., milk of calcium) and new ways to express negation (e.g., effaces). Thus, generalization is a problem. Future work will focus on machine-learningbased approaches to augment information extraction of breast imaging findings.
Limitations
Although our algorithm was evaluated in a different institution, the study was conducted at an academic setting that is like where the algorithm was initially developed. Thus, results may not generalize to other types of institutions. In addition, the algorithm required adjusting terminology for querying reports and modifying qualifiers that pertain to negation. Such customization will need to be addressed when utilizing the algorithm in a new setting.
Conclusion
Our information extraction algorithm provides an effective approach to extracting some breast imaging findings for populating a breast registry. However, errors in information extraction when utilizing methods in new settings demonstrate that further work is necessary to extract information content from unstructured multi-institutional radiology reports. 
